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Autoregressive Image Generation without Vector Quantization
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Figure 1: Diffusion Loss. Given a continuous-valued to-
ken x to be predicted, the autoregressive model produces a
vector z, which serves as the condition of a denoising dif-
fusion network (a small MLP). This offers a way to model
the probability distribution p(x|z) of this token. This net-
work 1s trained jointly with the autoregressive model by
backpropagation. At inference time, with a predicted z,
running the reverse diffusion procedure can sample a to-
ken following the distribution: x ~ p(x|z). This method
eliminates the need for discrete-valued tokenizers.
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Figure 2: Bidirectional attention can do autoregression.
In contrast to conventional wisdom, the broad concept of
“autoregression” (next token prediction) can be done by
either causal or bidirectional attention. (a) Causal atten-
tion restricts each token to attend only to current/previ-
ous tokens. With input shifted by one start token [s],
it 1s valid to compute loss on all tokens at training time.
(b) Bidirectional attention allows each token to see all to-
kens in the sequence. Following MAE [21], mask tokens
[m] are applied in a middle layer, with positional embed-
ding added. This setup only computes loss on unknown
tokens, but it allows for full attention capabilities across
the sequence, enabling better communication across tokens.
This setup can generate tokens one by one at inference time,
which is a form of autoregression. It also allows us to pre-
dict multiple tokens simultaneously.
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Figure 3: Generalized Autoregressive Models.
(a) A standard, raster-order autoregressive model
predicts one next token based on the previous to-
kens. (b) A random-order autoregressive model
predicts the next token given a random order. It
behaves like randomly masking out tokens and
then predicting one. (c) A Masked Autoregressive
(MAR) model predicts multiple tokens simultane-
ously given a random order, which is conceptually
analogous to masked generative models [4, 29]. In
all cases, the prediction of one step can be done by
causal or bidirectional attention (Figure 2).



RECONSTRUCTIVE VISUAL INSTRUCTION TUNING
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Figure 3: Variants of ROSS®, where regression objectives are either computed on raw RGB values in
(a) and (c), or specific latent space determined by F in (b). We adopt MSE as M for pixel regression
in (a) and (c), and cosine-similarity for latent regression in (b), respectively.
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(a) The framework of ROSSP. (b) The denoiser.

Figure 4: Illustration of (a) the training procedure of ROSSP and (b) the detailed architecture of
the denoiser 7,.. (a) ROSSP introduces visual guidance via denoising fine-grained visual tokens z
conditioning on visual outputs x;< . (b) The denoiser takes noisy tokens z;, current timesteps ¢, and
conditions x;<  as inputs and outputs the predicted noise ¢;. Each denoiser block consists of three
linear projection layers and a standard self-attention block (Vaswani et al., 2017).



Benchmark CLIP SigLIP

LLM Vicuna Qwen2 Vicuna Qwen2

Method LLaVA Ross LLaVA Ross LLaVA Ross LLaVA Ross
POPE-acc 86.3 87.210.9 879 88.410.5 860 877117 885 88.7 1 0.2
HallusionBench-aAcc 52.5 55.8 1 3.3 55.0 59.114.1 504 53.8134 573 58.21 0.9
MMBench-EN-dev 67.0 67.6 1 0.6 73.8 75.211.4 645 69.214.7 763 76.9 1 0.6
MMBench-CN-dev 60.0 59.8]0.2 729 73.710.8 63.1 63.4103 757 76.31 0.7
SEED-img 66.7 66.4 | 0.3 70.3 70.71 0.4 68.2 69.010.8 723 12.3 102
MMMU-dev 30.0 34.074.0 440 453113 333 380147 387 4131 2.6
MMMU-val 35:3 36.0 1 0.7 41.9 4261 0.7 342 354112 41.8 43.8 1 2.0
MMVP 28.0 36.318.3 296 42.2112.6 27.3 38.0 1 10.7 40.7 49.3 1 8.6
AI2D-test 61.2 61.410.2 719 733114 626 624102 740 74.51 0.5
ChartQA-test 32.9 39.816.9 36.2 416154 340 48.2 1 14.2 444 46.91 2.5
DocVQA-val 334 41.618.2 31.1 44.7 1 13.6 404 407103 392 39.310.1
InfoVQA-val 212 26.415.2 22.1 39.3116.2 22.8 233105 240 251111
TextVQA-val 557 58.7 1 3.0 52.0 541121 605 62.6 12.1 563 57.571.2
OCRBench 339 350111 363 381118 354 365 1 11 432 448 1 16
RealWorldQA 52.7 53.210.5 56.7 57.41 0.7 55.0 571 1:2:% 579 59.1 1 1.2
Average 478 50.612.8 52.1 56.414.3 492 524132 554 56.91 1.5

CLIP: CLIP-VIiT-L/14@336; SigLIP: SigLIP-SO400M-ViT-L/14@384; Vicuna: Vicuna-7B-v1.5; Qwen2: Qwen2-7B-Instruct



THE OVERLOOKED Issues FOR EvALUATING LVLMs

We highlight cases in existing multi-modal benchmarks where evaluation samples either lack visual dependency or have unintentionally
leaked into the training data of LLMs and LVLMs.
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(a) Some samples can be answered by LLMs using only text-based world knowledge;

(b) For some instances, the question itself contains the answer, making images superfluous;

(c) Some samples are leaked into LLMs’ training corpora can be “recalled” with the textual questions and answers directly;
(d) Some samples indiscernible to LLMs but solved by LVLMs without accessing images suggest leakage into LVLMs' multi-modal training data.




Classification Done Right for Vision-Language
Pre-Training

Zilong Huang Qinghao Ye Bingyi Kang Jiashi Feng Haoqi Fan
ByteDance Research
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1. Contrastive pre-training
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Table 1: Comparison of the Linear probing top-1 accuracy on ImageNet-1K dataset.

ViT-Base ViT-Large
#Seen Samples  Top-1 (%) #Seen Samples Top-1 (%)

Method PreTraining data

contrastive or clustering based

MoCov3 [10] INIK 400M 76.7 400M 77.6
DINO [5] INIK 512M 78.2 - -
iBOT [80] IN22K 400M 79.5 256M 81.0
DINOvV2 [55] LVD-142M - - 2B 84.5
reconstruction based
BEIT [ 1] D250M+IN22K 1B 56.7 1B 73.5
SimMIM [773] IN1K 1B 56.7 - -
CAE [§] D250M 2B 70.4 2B 78.1
MAE [24] INIK 2B 68.0 2B 75.8
vision-language pretraining based
Openai CLIP [57]  WIT-400M 13B 78.5 13B 82.7
Cappa [ 70] WebLI-1B - - 9B 83.0
OpenCLIP [29] Datacomp-1B - - 13B 83.9
SuperClass Datacomp-1B 1B 78.7 1B 82.6
SuperClass Datacomp-1B 13B 80.2 13B 85.0

Table 11: The performance of vision & language downstream tasks with different pretrained models.
Method VQAv2 GQA VizWiz T-VQA SciQA MME MMB PoPE MMMU

OpenCLIP 7454  61.03  50.47 38.16 67.33 1434/269 60.73 85.52 35.9
MAE 63.50 5458  50.22 11.55 5475  1175/343 4244  80.69 35.7
DINOv2 73.32  61.87 49.15 14.08 64.90 1336/297 5790 86.24 35.3
SuperClass  75.24  60.96  54.33 39.20 66.09 1371/322 63.14 85.69 36.0
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Figure 3: Iustration of Ovis. Figure (a) shows the whole architecture of Ovis, which contains
two embedding tables for visual and textual inputs. Figure (b) illustrates how a visual patch is first
mapped to a probabilistic token. Figure (¢) demonstrates that the probabilistic token helps select
multiple embeddings from the embedding table and output their weighted combination.

Ovis: Structural Embedding Alignment for Multimodal Large Language Mode



